The human ventral visual stream consists of several areas that are considered processing stages essential for perception and recognition. A fundamental microanatomical feature differentiating areas is cytoarchitecture, which refers to the distribution, size, and density of cells across cortical layers. Because cytoarchitectonic structure is measured in 20-micron-thick histological slices of postmortem tissue, it is difficult to assess (a) how anatomically consistent these areas are across brains and (b) how they relate to brain parcellations obtained with prevalent neuroimaging methods, acquired at the millimeter and centimeter scale. Therefore, the goal of this study was to (a) generate a cross-validated cytoarchitectonic atlas of the human ventral visual stream on a whole brain template that is commonly used in neuroimaging studies and (b) to compare this atlas to a recently published retinotopic parcellation of visual cortex (Wang et al., 2014) . To achieve this goal, we generated an atlas of eight cytoarchitectonic areas: four areas in the occipital lobe (hOc1-hOc4v) and four in the fusiform gyrus (FG1-FG4), then we tested how the different alignment techniques affect the accuracy of the resulting atlas. Results show that both cortex-based alignment (CBA) and nonlinear volumetric alignment (NVA) generate an atlas with better cross-validation performance than affine volumetric alignment (AVA). Additionally, CBA outperformed NVA in 6/8 of the cytoarchitectonic areas. Finally, the comparison of the cytoarchitectonic atlas to a retinotopic atlas shows a clear correspondence between cytoarchitectonic and retinotopic areas in the ventral visual stream. The successful performance of CBA suggests a coupling between cytoarchitectonic areas and macroanatomical landmarks in the human ventral visual stream, and furthermore, that this coupling can be utilized for generating an accurate group atlas. In addition, the coupling between cytoarchitecture and retinotopy highlights the potential use of this atlas in understanding how anatomical features contribute to brain function. We make this cytoarchitectonic atlas freely available in both BrainVoyager and FreeSurfer formats (http://vpnl.stanford.edu/vcAtlas). The availability of this atlas will enable future studies to link cytoarchitectonic organization to other parcellations of the human ventral visual stream with potential to advance the understanding of this pathway in typical and atypical populations.
Introduction
The ventral visual pathway, a stretch of cortex including the ventral aspects of the occipital and temporal lobes, is a key processing stream involved in visual perception and recognition (Goodale et al., 1991; Mishkin et al., 1983; Grill-Spector and Weiner, 2014) . A major neuroscientific goal is to understand the anatomical infrastructure composing this pathway. A classic microanatomical feature defining an other compartments of the cortical tissue (e.g. myelinated nerve fibers, axons, dendrites). Even though established more than a century ago, a large majority of present neuroimaging studies still relate their findings to Brodmann's (1909) classic cytoarchitectonic parcellation.
While influential, there are several limitations to Brodmann's and other classical approaches (Bailey and Bonin, 1951; Brodmann, 1909; Campbell, 1905; Smith, 1907; v.Economo and Koskinas, 1925) used to define brain areas based on cytoarchitectonics (Zilles and Amunts, 2010) . First, classical approaches lack important information regarding the inter-subject variability of cytoarchitectonic structures. Second, the criteria used for histological distinctions were not clearly defined and researchers identified boundaries based on visual inspection of histological sections. Consequently, definitions of cytoarchitectonic boundaries depend on subjective judgments made by particular observers, leading to contention among researchers regarding the location of boundaries, especially in higher sensory and association cortices. Third, the cytoarchitectonic areas that were identified with this approach were typically summarized by schematic drawings indicating their approximate location on the brain. As such, they are often oversimplified. Further, there is no precise method to project these schematics onto actual anatomical brain volumes obtained by modern magnetic resonance imaging (MRI) techniques to allow for comparison to other brain parcellation methods Glasser et al., 2016; Glasser and Van Essen, 2011; Yeo et al., 2011; Zilles and Amunts, 2009) . A common solution to project these areas onto anatomical MRIs has been to manually approximate locations of these cytoarchitectonic areas relative to cortical folding patterns (e.g. Talairach and Tournoux, 1988, Scholtens et al., 2015; van den Heuvel et al., 2015) . This, however, results in considerable subjectivity and uncertainty in localizing cytoarchitectonic areas.
To overcome the problems of classical approaches, methodological advancements in the last 20 years have yielded new methods enabling more accurate delineation of cytoarchitectonic areas in the human brain (Schleicher et al., 2005 (Schleicher et al., , 1999 (Schleicher et al., , 1998 . The main advantages of these modern techniques are that (1) the definitions of areal boundaries are observer-independent and statistically testable, and (2) properties of each cytoarchitectonic area are determined based on the analysis of histological structure of multiple brains. Specifically, an observer-independent algorithm identifies locations along the cortical ribbon in which the density and layering of cell bodies across the cortical depth (referred to as gray level index, GLI), show a significant change (Schleicher et al., 1999 (Schleicher et al., , 1998 . For a cytoarchitectonic boundary to be accepted, it has to be consistently found in neighboring serial sections and across brains. Finally, cytoarchitectonic areas identified in histological sections are registered to the anatomical MRI volumes of each brain taken prior to histological processing. This not only identifies the precise location of a cytoarchitectonic area in each brain, but also corrects for shrinkage artifacts associated with histological processing (Amunts et al., 2000) .
Using this approach, eight cytoarchitectonic areas have been identified in the human ventral visual stream (hOc1-hOc4v: Amunts et al., 2000; Rottschy et al., 2007 , FG1-FG4: Caspers et al., 2013 Lorenz et al., 2015, see Fig. 1 ). Additionally, a probabilistic atlas of these cytoarchitectonic areas has been incorporated into the SPM toolbox (Eickhoff et al., 2005) . However, it is unknown how well these probabilistic maps predict the location of these cytoarchitectonic areas in new subjects, and whether cytoarchitectonic parcellations correspond to other parcellations of the human ventral visual stream (e.g., Glasser et al., 2016; Wang et al., 2014) .
To fill these gaps in knowledge we (1) generated a cross-validated probabilistic atlas of cytoarchitectonic areas in the human ventral visual stream extending from the occipital lobe through ventral temporal cortex (VTC) and (2) compared the cross-validated cytoarchitectonic atlas to a recently published retinotopic atlas of human visual cortex (Wang et al., 2014 ).
Importantly, we tested how different alignment approaches affect the accuracy of the generated atlas. Specifically, we generated atlases using three different methods: (1) an affine volumetric alignment (AVA) to the MNI305 brain, (2) a nonlinear volumetric alignment (NVA) to the Colin27 brain, and (3) cortex-based alignment (CBA), which aligns brains based on cortical folding patterns (Fischl et al., 1999; Goebel, 2012a, 2012b ) to a common brain. Here we used the FreeSurfer average brain, which is an average cortical surface of 39 independent living participants. We quantitatively assessed the performance of the different methods by (1) evaluating the consistency of cytoarchitectonic areas across brains and (2) quantifying how well each method predicts the location of cytoarchitectonic areas in new brains using an exhaustive leave-one-out cross-validation procedure. Recent reports find a strong coupling between cytoarchitectonic boundaries relative to macroanatomical landmarks in ventral occipital-temporal cortex (Lorenz et al., 2015; Rottschy et al., 2007; Weiner et al., 2014) and provide evidence that cortex-based alignment improves the inter-subject registration of two cytoarchitectonic areas within the human occipital lobe (Fischl et al., 2008) . Thus, we hypothesized that registering brains using alignment methods that use macroanatomical features would increase the inter-subject consistency of cytoarchitectonic areas and produce a more precise group atlas of cytoarchitectonic areas of the human ventral visual stream compared to affine volumetric alignment that does not use macroanatomical landmarks.
Methods

Definition of cytoarchitectonic areas (cROIs)
Cytoarchitectonic regions of interest (cROIs) were defined previously from a sample of 11 postmortem (PM) adult brains (5 females; Amunts et al., 2000; Caspers et al., 2013; Lorenz et al., 2015; Rottschy et al., 2007) . Each cROI was defined in 10 PM brains. hOc1-hOc4v, as well as FG1 and FG2, were defined on the same 10 brains. FG3 and FG4 were defined on 9 of these brains and in one additional PM brain, resulting in 11 brains in total. The brains were obtained from the body donor program of the Institute of Anatomy at the University of Düsseldorf. Donors had no neurological or psychiatric diseases, except one case with transitory motor disease (for details see Table 1 in Amunts et al., 2000; Caspers et al., 2013; Rottschy et al., 2007) . Within 8-24 h after death the brains were removed and fixated in 4% formalin or Bodians's fixative for a time period of at least six months. Before the brains were histologically processed, each brain was scanned at a Siemens 1.5 T scanner (Erlangen, Germany). A high-resolution anatomical image of the whole brain was acquired, using a T1-weighted 3D-FLASH sequence (1 mm isotropic, TR = 40 ms, TE = 5 ms, flip angle = 40°). Following that, the brains were embedded in paraffin, serially sectioned in oblique close to coronal sections of 20 μm and every 15 th slice was stained for cell bodies (Merker, 1983) . Detailed methods of histology and 3D reconstruction have been described previously Amunts et al., 1999; Zilles et al., 2002) .
Characteristics of ventral visual stream cROIs
There are four cROIs in the occipital lobe: Human occipital cytoarchitectonic area 1, hOc1 (Amunts et al., 2000) , is located in the calcarine sulcus (Fig. 1a -dark green) . This area closely matches functionally defined area V1 (Abdollahi et al., 2014; Hinds et al., 2009; Wohlschläger et al., 2005) and corresponds to Brodmann area 17 (Brodmann, 1909) . hOc1 is characterized by a clear layered structure with prominent layer IV, which is further subdivided into sublayers, small cells in layer III and V, and a dense layer VI (Amunts et al., 2000) .
Human occipital cytoarchitectonic area 2, hOc2 (Amunts et al., 2000) , surrounds hOc1 both inferiorly and superiorly. It has a thinner layer IV compared to hOc1, a cell dense layer III, and shows a columnar organization (Fig. 1a -red) ; hOc2 matches area 18 of Brodmann (1909) .
Human occipital cytoarchitectonic area 3 ventral, hOc3v (Rottschy et al., 2007) , follows hOc2 ventrally and is located in the collateral sulcus, CoS. It does not have a clear border between layer II and III, has a moderately dense and indistinctive layer IV, and shows a columnar organization ( Fig. 1a -cyan) .
Human occipital cytoarchitectonic area 4 ventral, hOc4v (Rottschy et al., 2007) , is located on the ventral aspect of the occipital lobe, anterior to hOc3v. Compared to hOc3v, it is characterized by a dense layer II and a cell dense, prominent layer IV (Fig. 1b -yellow) .
There are four cROIs in the fusiform gyrus (FG) and surrounding sulci:
FG1 is located on the posterior and medial fusiform gyrus and extends to the collateral sulcus (CoS, Caspers et al., 2013) . It displays a columnar arrangement of small pyramidal cells and a thin and cell sparse layer IV (Caspers et al., 2013, Fig. 1b -light green) .
FG2 is located on the posterior fusiform gyrus, lateral to the midfusiform gyrus (MFS) and extends to the occipito-temporal sulcus (OTS, Fig. 1b -pink) . It shows large pyramidal cells in layer III, a prominent layer IV, but a less pronounced columnar organization. Additionally, FG2 is characterized by a higher cell density compared to FG1 (Caspers et al., 2013) .
FG3 is located on the medial fusiform gyrus, anterior to FG1 and covers the medial aspect of the FG and extends to the CoS (Lorenz et al., 2015) . FG3 shows a compact and dense layer II, a prominent sub-layer IIIc with medium-sized pyramidal cells, and little clusters of granular cells in layer IV (Lorenz et al., 2015, Fig. 1b -dark blue) .
FG4 is located on the lateral FG, anterior to FG2 and covering the lateral aspect of the FG, extending to the OTS (Fig. 1b -dark red) . It has a less densely packed layer II, broad layer III, a thin, moderately dense layer IV, and a cell dense layer VI (Lorenz et al., 2015, Fig. 1b -dark red) .
Analysis pipeline
Each of the postmortem brains was manually segmented to separate gray from white matter using ITK-SNAP (http://www. itksnap.org/pmwiki/pmwiki.php).
Subsequently, each brain's anatomical T1-weighted image, cortical segmentation, and cytoarchitectonic areas were further analyzed in BrainVoyager QX 2.8 (Brain Innovation, Maastricht, The Netherlands) if not stated otherwise. The anatomy of each postmortem brain was aligned via an affine transformation to the MNI305 template (Evans et al., 1993; Evans et al., 1992) . The same transformation was applied to each cytoarchitectonic area to bring it to the MNI305 template. The segmentations were then used to create a cortical surface reconstruction for each individual brain and each hemisphere, separately (Fig. 2) . Subsequently, cytoarchitectonic areas were projected from each brain's volume to their cortical surface reconstruction.
Comparison of different brain alignment methods and their effect on the between-subject consistency of cROIs To investigate whether alignment of macroanatomical structures influences the correspondence of cytoarchitectonic areas across brains, we performed three different brain alignments to generate a group atlas: (1) affine volumetric alignment (AVA) to the MNI305 template (http://www.bic.mni.mcgill.ca/ServicesAtlases/MNI305), (2) nonlinear volumetric alignment (NVA) to the Colin27 brain (http:// www.bic.mni.mcgill.ca/ServicesAtlases/Colin27) brain, and (3) cortexbased alignment (CBA) to the FreeSurfer average (fsaverage) brain.
Affine volume alignment to the MNI305 brain (AVA)
As each of the individual brain anatomies and cytoarchitectonic areas were normalized to the MNI305 template in the previous step, . Color coding of cROIs corresponds to the colors on the right panels. Right 4 panels: Each panel depicts an example histological slice of a cROI. Cell bodies were stained using the Merker method (Merker, 1983) and borders were defined using a quantitative observer-independent algorithm. All sections are taken from the same brain. Note differences in the packing density of cells, the size and shape of cell bodies, and the width of cortical layers, which together form the basis to distinguish cytoarchitectonic areas from one another. Roman numerals indicate cortical layer. the cytoarchitectonic areas of all brains were already in the common coordinate system of the MNI305 anatomy.
Nonlinear volume alignment to the Colin27 brain (NVA)
Brains in native space were first aligned to Colin27 using an affine volume registration using AFNI tools to bring them to the same orientation and reference frame. Then, we utilized a nonlinear alignment to align each brain to the Colin27 brain using a nonlinear transformation implemented in ANTS (https://sourceforge.net/ projects/advants/). Code used for the affine and nonlinear transformation can be found here: https://github.com/VPNL/cytofunctional. The same two-step transformation was applied to the cROIs to register them from the individual brain to the common volume of the Colin27 brain.
Cortex-based alignment to the FreeSurfer average brain (CBA)
The left and right cortical surfaces of each brain were inflated into a sphere and curvature maps of gyri and sulci were created. First, each brain was rotated to best match the curvature pattern of the fsaverage using an initial rigid alignment. The best match was established by the lowest variability in curvature between each respective brain and the target brain (details in Goebel, 2012a, 2012b; Goebel, Esposito, and Formisano, 2006) . Second, a non-rigid cortex-based alignment was initiated by iteratively aligning curvature maps of all PM brains to the target through vertex movements. This process is done iteratively, yielding a coarse to fine curvature alignment with four levels of anatomical detail. For each postmortem hemisphere, the sphere-tosphere mapping file aligning the individual brain's cortical surface to the fsaverage was saved during the alignment process. We applied this transformation to each cytoarchitectonic area to bring it into alignment with the common fsaverage surface.
To evaluate whether the template used for generating the atlas affects the accuracy of the atlas, we compared CBA to the fsaverage (CBAfs) to CBA to the mean cortical surface of the postmortem brains (CBApm, see accompanying Data in Brief, DiB). Results show that performance is similar across the two templates with slight advantage to CBAfs over CBApm for hOc1 and FG3 ( Fig. 1 in DiB). As the fsaverage is (1) more commonly used in fMRI analyses, (2) based on independent data (same as the other templates used for AVA and NVA), and (3) its performance is the same or superior to CBApm, all subsequent analyses in the main manuscript use CBA to the fsaverage brain.
Creation of group cytoarchitectonic probability maps
We transformed each individual brain's cytoarchitectonic areas to each of three common brain spaces: MNI305 (Fig. 2c) , Colin27 ( Fig. 2d) , and fsaverage ( Fig. 2e) . A group map of each cytoarchitectonic area (cROI) was generated by averaging the binarized cROIs (1: cROI present; 0: cROI absent) of each brain in each of the common brain spaces. Thus, the value at each voxel (or vertex on the cortical surface for CBA) in the group map represents the proportion of subjects in which this voxel/vertex of the brain belongs to a given cytoarchitectonic area. For example, a value of 0 means that this voxel/ vertex did not belong to that cytoarchitectonic area in any brain, a value of .5 means that it belonged to the area in half of the brains, and a value of 1 indicates that it belonged to the cytoarchitectonic area in all brains.
Evaluating the cross-validation performance of the different alignment methods
We quantified how well the group cROI predicts cROIs in individual brains using an exhaustive leave-one-out cross-validation procedure. In each iteration, we created a group probabilistic map of each cROI based on all brains but one, and tested how well it predicted the location and extent of the cytoarchitectonic area in the left-out brain. This procedure was repeated for all combinations of left-out brains, and separately for each of the three alignment methods. We estimated the predictability of the group probabilistic cROI (G) and the left-out cROI (I) by calculating the dice coefficient (dc) between these cROIs: 
The dice coefficient is a statistic used for comparing the similarity of two samples (Dice, 1945; Sørensen, 1948) . A dice coefficient of zero indicates no predictability and a dice coefficient of 1 indicates perfect predictability. We applied different threshold levels to the group probabilistic cROI (G) to predict the location of the left-out-brain.
To perform statistical analyses comparing dice coefficients across alignment methods, we used two different thresholds: (1) unthresholded data and (2) the threshold level that generated the highest predictability across alignments and cROIs. To determine the latter, we averaged dice coefficient values across alignment methods, hemispheres, and cROIs, resulting in one dice coefficient per threshold level. Comparison across thresholds revealed that the threshold of .33 produced the highest predictability. Therefore, this threshold was used for the comparison.
To evaluate whether there were statistically significant differences in cross-validation performance across alignment methods and hemispheres, we used a non-parametric version of the analysis of variance, the Friedman test (Upton and Cook, 2008) as our data is not normally distributed. Once establishing significant differences across alignment methods, we performed pairwise comparisons between methods using paired permutation tests within each cROI. We tested all three possible pairwise comparisons: AVA vs. NVA, AVA vs. CBA, and NVA vs. CBA. To perform the paired permutation test, we generated a null distribution for which alignment labels were randomly shuffled 10,000 times. Using this null distribution, we estimated a p-value indicating the probability that the measured dice coefficients were derived from this null distribution. Statistical significance was Bonferroni corrected to adjust for the increased Type I error rate due to multiple comparisons.
Evaluating whether cROI size affects cross-validation performance
The probability that a cROI overlaps across subjects and its predictability may be related to the size of the cROI. To test this, we determined if there is a correlation between the cross-validated dice coefficient and average cROI size. We also estimated the chance level dice coefficient for each cROI size. To do so, we generated synthetic data of cortical disks matched for each cROI size, randomly placed them within the anatomical mask of the ventral part of occipital cortex and ventral temporal cortex (Fig. 4 , right inset), and estimated the chance level dice coefficient given this area size for each threshold level. For each iteration, we randomly placed 8 discs (as for the cross-validated data) to generate the group probability map, and one additional random disk that simulated the leftout subject. The dice coefficient was computed the same way as for the actual data. We ran 10,000 iterations per simulated cROI size and calculated the chance dice coefficient for each threshold level. Chance level was estimated separately for cortex-based alignment (CBA) and volume based alignment (AVA and NVA) for several reasons: (1) the number of voxels in the volume is greater than on the cortical surface, as the volume, but not the surface, has a depth component, (2) the spatial variability of cROIs on the cortical surface is limited to the 2 dimensions of the cortical surface but in the volume they can vary in 3 dimensions, and (3) the resolution of the standard cortical surface in BrainVoyager is coarser than the resolution of the volume. Results of these simulations are shown in the volume (dashed yellow lines) and surface (light blue lines) in Fig. 4 . To establish whether the measured dice coefficients were significantly higher than the empirical chance level we used permutation testing, comparing AVA and NVA to volume chance level (Fig. 4 -dashed  yellow) , and CBA to surface chance level (Fig. 4 -dashed light blue) .
Creating a ventral visual stream cytoarchitectonic atlas
After comparing alignment methods, we used cortex-based alignment to generate a human ventral visual stream cytoarchitectonic atlas.
Maximum-probability map (MPM) of cROIs
The probability maps generated in the previous section determine the probability that each voxel/vertex belongs to a given cROI. However, it is possible that a point on the brain may belong to more than one probabilistic cROI. This overlap is more likely to occur along boundaries of neighboring cytoarchitectonic areas. In order to assign a unique cytoarchitectonic label to each vertex in the atlas, we generated a maximum-probability map (MPM) of each area (Eickhoff et al., 2005) . We used the probabilistic cROIs generated with CBA to the FreeSurfer average (fsaverage) brain, as this method yielded the highest dice coefficients (Fig. 4) and the fsaverage brain is widely used in the neuroimaging community (Benson et al., 2014 (Benson et al., , 2012 Glasser et al., 2016; Hinds et al., 2009; Wang et al., 2014) .
Using probabilistic cROIs generated with CBA, we determined which vertices were shared by more than one probabilistic cROI and assigned these vertices to a single cROI based on the group cROI that had the highest probability at that vertex (Eickhoff et al., 2005) . In cases where one vertex had the same probability across multiple cROIs, we used the probability of the neighboring vertices to make the decision. The neighborhood was determined iteratively starting from the nearest neighbors. In brief, for vertices that were assigned to more than one cROI, we first calculated the average probability of each cROI across the vertex and its nearest neighbors. The vertex was then assigned to the cROI that yielded the highest neighborhood probability. If the neighborhood probability was still identical across cROIs, the neighborhood was increased by the next set of nearest neighbors and the neighborhood probability was evaluated again. This process was repeated iteratively until the probability for one cROI was greater, or the neighborhood size exceeded the size of the cROI (a case that did not happen in this dataset). As a last step, vertices that did not have at least one 3 rd degree neighbor were either (a) deleted if they did not belong to any probability map before overlap removal, or (b) were assigned to the cROI with the 2nd highest probability if it was surrounded by neighbors of that cROI. This process creates an MPM of each cytoarchitectonic area that eliminates vertices that are shared across cROIs at the group level, thus generating a unique, non-overlapping tiling of the ventral visual stream by the eight cytoarchitectonic areas (Fig. 6 ).
Determining the relationship between cytoarchitectonic and retinotopic parcellations of human ventral visual cortex One utility of this cytoarchitectonic atlas is that it can be compared to other atlases and parcellations of human visual cortex. Here, we compared our atlas to a functional atlas of retinotopic visual areas (Wang et al., 2014) . We compared our cROI atlas to the retinotopic atlas for the following reasons: (1) cytoarchitectonic and retinotopic atlases are based on independent methods (cytoarchitecture and visual field topography respectively) and (2) both of these atlases are based on key features scientists use to parcellate the brain (Felleman and Van Essen, 1991) , (3) retinotopy is the single most commonly agreed method used to define areas in visual cortex Winawer, 2015, 2011) and (4) both atlases are aligned to the fsaverage brain using CBA. Thus, we compared different data that were aligned using the same algorithm as well as the same common brain template.
To test the correspondence between cROIs and retinotopic ROIs, we calculated the percentage overlap between each of the group fROIs and each of the individual PM cROIs aligned to the fsaverage brain. This resulted in 10 values per fROI-cROI combination per hemisphere. We performed this analysis for all retinotopic visual areas in the Wang et al. (2014) atlas that were in occipital and ventral temporal cortex: V1 (combination of their V1d and V1v), V2d, V2v, V3v, VO1, VO2, PHC1, PHC2.
Additionally, we computed the chance level overlap between each fROI-cROI pair to test if the overlap between a retinotopic area and cROI is significantly different from chance. We estimated the chance level by calculating the average percentage overlap between a given retinotopic ROI and a randomly chosen cROI from a randomly chosen PM brain. This procedure was repeated 1000 times with replacements. We used a permutation test to evaluate whether the reported percentage overlap between retinotopic fROIs and cROIs were above chance. Those comparisons were Bonferroni corrected for each fROI by a factor of 7 (8 cROIs per fROI). We used a Friedman's test (Upton and Cook, 2008) to test for hemispheric differences.
Results
Cortex-based alignment improves the precision of group cROI maps compared to volumetric alignments Using data from 10 postmortem brains per cROI, we generated a group map of 8 cytoarchitectonic ventral visual stream areas using three methods: (1) affine volumetric alignment (AVA) to the MNI305 template, (2) nonlinear alignment to the Colin27 template (NVA), and (3) cortex-based alignment to the fsaverage atlas brain (CBA, see Methods and Fig. 2 for methodological details) . Fig. 3 illustrates resulting group maps derived by each of these methods for an example cytoarchitectonic area in occipital cortex (hOc2) and an example area in ventral temporal cortex (FG1).
Qualitative examination of these maps highlights two observations. First, the location and shape of the group cROI generated by CBA largely resembles the individual brain example for CBA, but the resemblance is poorer for the group cROIs generated by AVA and NVA (Fig. 3) . For example, in the representative brain hOc2 illustrates a ring-like arrangement surrounding the calcarine sulcus ( Fig. 3a -top left) . Likewise, the group hOc2 generated by CBA illustrates a similar arrangement surrounding the calcarine in the respective common cortical surface. In contrast, AVA and NVA generate a group hOc2 that does not illustrate a ring shape around the calcarine sulcus, but instead, almost entirely encompasses the calcarine sulcus. The latter alignments are clearly erroneous, as it is well established that the calcarine sulcus is the locus of the first visual occipital area hOc1, which has distinct anatomical (Amunts et al., 2000; Brodmann, 1909; Hinds et al., 2011; v.Economo and Koskinas, 1925) and functional characteristics (Engel et al., 1994; Holmes, 1945; Sereno et al., 1995) .
Likewise, both NVA and AVA generate a group cROI of hOc2 that extends into white matter (Fig. 3b, brain slices) . This is erroneous as cytoarchitecture, and consequently cROIs, only exist in the gray matter. Second, our results show that CBA produces a higher between-subject consistency of these two example areas as compared to AVA and NVA. This is evident by a larger number of vertices showing a higher proportion of overlap in the group cROI in the CBA alignment as compared to the volume alignments (Fig. 3, yellow vertices) . To quantitatively determine which method produces group cROIs with the highest predictability, we implemented a 10-fold leave-oneout cross-validation procedure for each of the three different alignment methods across a range of thresholds. Then we used the dice coefficient to evaluate how well the group cROI predicts the cROI in the left-out brain. Assessment of hemispheric difference revealed no difference (Chi-sq(1,23) = 2.67, P = .10). Therefore, we present data averaged across hemispheres. Across cROIs and thresholds, both CBA to the fsaverage brain and NVA to the Colin27 brain more accurately predicted the left-out cROI compared to AVA to the MNI305 brain (Fig. 4) . Comparison between CBA and NVA revealed that except for two ROIs (hOc4v and FG2), CBA outperformed NVA (compare blue and orange curves in Fig. 4) . Consistent with our qualitative observations, the dice coefficient is close to zero for group cROIs generated with AVA at thresholds > 0.5, due to the low number of voxels that pass these thresholds in the group cROI. In contrast, there is a substantial number of vertices that are consistent across more than half of the brains in group cROIs generated from either NVA or CBA.
We determined if differences in performance across alignment methods are statistically significant for two cases: (1) unthresholded maps and (2) the threshold level that yielded consistent successful performance across cROIs and alignment methods. The highest leaveone-out cross-validation performance across methods and cROIs was 0.40 which was observed for two thresholds: 0.22 and 0.33. We chose the threshold of 0.33 (excluding vertices shared by less than three brains) as it is a more conservative threshold which lets us compare methods across a range of criteria.
Results show that the dice coefficient significantly differed across alignment methods (significant main effect of alignment method for both unthresholded: Chi-sq(2,30) = 27.12, P < .001, and thresholded data: Chi-sq(2,30) = 27.12, P < .001). Posthoc pairwise permutation tests showed that differences between methods were significant within specific cROIs. In all cROIs, both CBA and NVA produced significantly better performance than AVA for both unthresholded and .33 thresholded data (Ps < .05), except for one case (FG3 for AVA vs. NVA and unthresholded data, P = .33). Permutation tests comparing CBA and NVA performance showed that for unthresholded maps CBA outperformed NVA in 6 out of 8 cROIs (except for FG2: P = .21, hOc4v: P = .09; others P < .001, Fig. 4 ). For data thresholded at 0.33, CBA outperformed NVA for 5 out of 8 cROIs (hOc1, hOc2, FG1, FG3, FG4: P < .05), while NVA outperformed CBA for 2 cROIs, hOc4v and FG2 (Ps < .05) and there were no significant differences across CBA and NVA for hOc3v (P = .38).
The dice coefficient analysis also shows differences across cytoarchitectonic areas. Specifically, across thresholds and methods, the dice coefficient was highest for hOc1 compared to other ventral visual stream cytoarchitectonic areas. As hOc1 is also the largest area (surface area sizes mean ± SD: hOc1: 2,292 ± 689 if the dice coefficient obtained by the various methods was higher than chance (see Methods). We reasoned that if cROI size determines the dice coefficient, then the measured dice coefficients should be similar to chance. However, if cROI size does not solely determine the dice coefficient, the measured dice coefficient should be larger than chance. Results show that the chance level dice coefficient varied with both cROI size and thresholds (Fig. 4 -yellow and light blue dashed lines). Critically, however, dice coefficients obtained by both CBA and NVA were significantly higher than chance level (permutation tests: Ps < .005 for unthresholded; Ps < .005 thresholded at .33). Even the poorest alignment (AVA) performed consistently better than chance (unthresholded: hOc2: P < .05, all other Ps < .005, thresholded at .33: Ps < .005).
A cytoarchitectonic atlas of human ventral visual stream cROIs
We next created a group probability map for each of the eight ventral cytoarchitectonic areas based on CBA to the fsaverage atlas brain using a threshold of 30% (see Methods), which allows visualization of the cROIs on a common brain space (Fig. 5) . We chose this approach because (1) CBA outperformed both affine and nonlinear volume based alignments, and (2) the fsaverage brain is a common brain space that has been widely used to generate atlases (Benson et al., 2014 (Benson et al., , 2012 Glasser et al., 2016; Hinds et al., 2009; Wang et al., 2014) , which allows comparison between this cytoarchitectonic atlase to other atlases in the field.
Consistent with the results of the dice coefficient analysis and prior results (Fischl et al., 2008) , visualization of the cROI atlas shows that hOc1 shows the highest consistency across PM brains (Fig. 5) .
Between-subject consistency is somewhat lower in subsequent areas. However, consistency across brains does not further decline across the ventral visual steam processing hierarchy. In fact, between-subject consistency is as high in areas FG3 and FG4 on the fusiform gyrus, as it is in hOc2 (Fig. 5) .
As a final step, we generated a maximum probability map (MPM) of human ventral visual stream cROIs. This generates a discrete tiling of the human ventral visual stream by cytoarchitectonic areas such that there is a unique labeling of each vertex on the cortical surface (Fig. 6) .
It is interesting that the cytoarchitectonic organization of the MPM atlas of the ventral visual stream preserves the relationship between cytoarchitectonic areas and cortical folding reported in single brains. Specifically, the spatial layout of the MPM based on group data mirrors the spatial layout of the cytoarchitectonic tiling in individual brains (compare Figs. 6 and 1) . Also, as in the individual brains (Lorenz et al., 2015; Weiner et al., 2014) , the MFS of the fsaverage brain serves as a boundary between FG1 and FG2 as well as between FG3 and FG4.
The relationship between retinotopic regions and cytoarchitecture
The present cROI atlas of the human ventral visual stream generated on the cortical surface can be compared to other anatomical and functional parcellations of the ventral stream derived from other anatomical or functional metrics. As retinotopy is a key feature used to define visual areas Winawer, 2015, 2011) and there is a group atlas of retinotopic visual areas aligned to the fsaverage brain (Wang et al., 2014) , we sought to compare the two atlases in order to assess how cytoarchitectonic and retinotopic areas align in the human ventral visual stream. To quantify their correspondence, we computed the percentage overlap between each retinotopic ROI and each cytoarchitectonic ROI (Fig. 7) . As there were no significant differences across hemispheres (Friedman's test: chi-sq(1,71) = 1.09, P = .30), we report data averaged across hemispheres.
Consistent with prior results (Fischl et al., 2008) , these analyses reveal that the strongest coupling between cytoarchitectonic and retinotopic areas occurs within striate compared to extrastriate cortex. Specifically, the cytoarchitectonic-retinotopic coupling within striate cortex (V1-hOc1 coupling=88 ± 3%, significantly greater than chance, permutation testing, P < .001 Fig. 7b, top left) exceeds that among the second, third, and fourth visual areas in extrastriate cortex (V2d-hOc2 coupling=64 ± 6%; V2v-hOc2 coupling=51 ± 10%; V3v-hOc3V coupling=48 ± 9%; hV4-hOc4v coupling=55 ± 9%, all Ps < .001, permutation testing, Fig. 7b) .
Crucially, cytoarchitectonic -retinotopic coupling does not further decline in the temporal lobe relative to the occipital lobe: VO1 largely aligns with FG1 (56 ± 9%), while PHC1 and PHC2 are largely contained within FG3 (69 ± 8%, 65 ± 10% respectively). Nevertheless, these analyses also reveal that while occipital cROIs are largely functionally homogenous, cROIs in the ventral temporal cortex can be functionally heterogeneous. Specifically, retinotopically-defined VO2, PHC1, and PHC2 are all located within cytoarchitectonically-defined FG3 (Fig. 7a bottom, this coupling is significantly different than chance Ps < .001). Together these analyses precisely quantify the complex correspondence between cytoarchitectonic and retinotopic parcellations of the human visual cortex.
Discussion
In the present study, we generated a cross-validated cytoarchitectonic atlas of the human ventral visual stream. We compared cortexbased alignment (CBA), nonlinear volumetric alignment (NVA), and affine volumetric alignment (AVA). We found that CBA and NVA generated better inter-subject consistency of group cROIs and a higher predictability as compared to an affine volumetric transformation to the MNI305 template. Furthermore, we found that CBA was superior to NVA for six of the eight cytoarchitectonic areas. In the following sections, we discuss the implications of these results for generating cytoarchitectonic atlases as well as the potential utility of this atlas in future research.
The relationship among cytoarchitectonic areas and cortical folding across the ventral visual processing hierarchy
The present study shows that there is improved between-subject correspondence and predictability of ventral visual stream cytoarchitectonic areas with cortex-based alignment and nonlinear volumetric alignment compared to an affine volumetric alignment that does not take macroanatomy into account. This improved alignment (which notably also occurs in higher-order visual cortices), may seem surprising since classic (Brodmann, 1909; Smith, 1907) and modern (Van Essen and Drury, 1997; Zilles et al., 2013) studies provide evidence for significant variability between cytoarchitectonic boundaries and cortical folding in several cortical areas. Specifically, these studies showed that there is often not a 1:1 mapping between either the crown of a gyrus and a cytoarchitectonic boundary or the fundus of a sulcus and a cytoarchitectonic boundary . Although cytoarchitectonic boundaries do not perfectly follow gyral crowns or sulcal fundi, accumulating evidence suggests that there is a gross coupling between cytoarchitectonic areas and macroanatomical structures. For example, area hOc3v is likely to be found in the collateral sulcus, not the fusiform gyrus, whereas the reverse is true for area FG4 (Lorenz et al., 2015; Rottschy et al., 2007) . Additionally, there is even more fine-grained coupling as some cytoarchitectonic boundaries tend to align with specific macroanatomical features with millimeter precision. For example, the cytoarchitectonic boundary between areas FG1 and FG2 occurs within the posterior mid-fusiform sulcus (MFS, Weiner et al., 2014; and the boundary between areas FG3 and FG4 occurs within more anterior portions of the MFS (Lorenz et al., 2015) . We speculate that the combination of the general, gross, topological relationship between macroanatomical structures and cytoarchitectonic areas, as well as the more fine-grained (but infrequent) relationships, contribute to the improved between-subject correspondence and predictability of cytoarchitectonic areas with macroanatomical alignments compared to AVA, which ignores these features.
While our results illustrate that the highest cytoarchitectonicmacroanatomical coupling occurs for area hOc1, as reported previously (Fischl et al., 2008) , it is interesting that after hOc2, the level of cytoarchitectonic-macroanatomical coupling does not further decrease across the ventral visual stream hierarchy. Rather, the consistency of the cROI group maps across brains for other intermediate and highlevel cROIs -hOc3v, hOc4v, FG1 and FG2 -is similar to the hOc2 level and even slightly increases for FG3 and FG4, which are located in higher stages of the ventral processing stream.
Despite the consistency of the group cytoarchitectonic maps relative to cortical folding, there are also two main sources of variability. First, the precise boundaries of a given cytoarchitectonic area can vary across different brains Van Essen and Drury, 1997; Zilles et al., 2013) . For example, the transition between FG1 and FG2 as described above, as well as the transition between FG3 and FG4 are located at the MFS. However, the boundary between FG3 and FG4 is better predictable by the MFS than the FG1 and FG2 boundary (Lorenz et al., 2015) . Second, macroanatomical landmarks vary in their morphological features. For example, the MFS is variable in length, and shows higher variability in its posterior than anterior extent . That results in higher consistency in cROIs tightly linked to the anterior tip of the MFS (FG3 and FG4), compared to those located more posteriorly (FG1 and FG2) . Another important characteristic of the morphology of the brain is that macroanatomical landmarks vary in their fractination. As an example, the occipitotemporal sulcus (OTS) can vary between having one continuous sulcal bed or having several fractionated components. This variability can occur even across hemispheres in the same brain. The greater the variability of a given landmark across brains, the more noise is introduced during CBA. Future research can examine anatomical and cytoarchitectonic variability, as well as the coupling between these features across the brain more generally, to test if these features are unique to the ventral visual stream or reflect general principles of brain architecture.
Comparison between the applied alignment methods: implications Volume-based atlases integrate both brain areas along the cortical ribbon and areas within nuclei located deep in the brain. In generating volumetric atlases, our analyses suggest that nonlinear volumetric analysis to a template with macroanatomical details, such as the Colin27 brain, is superior to AVA to a group average brain template, such as the MNI305. Two methodological constraints of the AVA may have contributed to its decreased performance compared to NVA: (1) the rigid affine transformation and (2) the usage of the MNI305 template that lacks macroanatomical information. While NVA to a specific brain is better than AVA to a group average, it is also important to be cautious about possible idiosyncrasies of that specific brain that may affect the outcome. We have used NVA to the Colin 27 brain as it has been used previously to align these cROIs (Evans et al., 2012) .
While cortex-based alignment does not enable generating atlases of deep brain structures, it enables generating precise atlases of cortical regions. In the ventral visual system, cortex-based alignment of cROIs outperformed both types of volumetric alignments. This advantage is particular prominent for cortical areas that display a consistent coupling to macroanatomical landmarks (Figs. 3 and 4, see also Fischl et al., 2008; Frost and Goebel, 2013) . Additionally, CBA allows aligning brains to an average template that contains macroanatomical landmarks, which may be a more representative brain than any specific single brain such as the Colin27 brain.
For this atlas containing 8 cROIs spanning the occipital and temporal cortex, CBA performed similarly or better than NVA. However, whether CBA, in general, outperforms NVA for other parts of the brain is an open question for future research. For example, the dorsal visual stream also contains cytoarchitectonic (Kujovic et al., 2013; Malikovic et al., 2015; Scheperjans et al., 2008) and retinotopic regions (Silver and Kastner, 2009; Swisher et al., 2007; Wang et al., 2014) . Nevertheless, macroanatomical-cytoarchitectonic coupling has not yet been investigated in the dorsal visual stream with the same level of detail as in the ventral stream. Thus, a thorough investigation of this structural coupling and examination of how the alignment method affects an atlas of dorsal regions in occipital and parietal cortex is an important topic for future research.
Comparison of an atlas based on CBA to the fsaverage brain vs. CBA to the postmortem average brain reveals similar accuracy. This has both theoretical and practical implications (DiB, Fig. 1 ). On the theoretical side, the similar cROI consistency across alignments to different brain templates suggests that distortions introduced by the storage of PM brains outside of the skull prior to scanning (Amunts et al., 2000) and the possible idiosyncrasies of the anatomical features of these particular brains, do not prevent generalization from these PM data to a typical set of living subjects. Furthermore, the finding that there were no significant differences in predictability or betweensubject correspondence across the two types of alignments for 6 of the 8 cROIs (DiB, Fig. 1 ) suggests that the variability of the PM brains is not significantly different from the variability of an independent group of in-vivo brains. In turn, this suggests that having an average brain anatomy derived from CBA of many subjects ( > =39, such as the fsaverage), produces a stable average anatomy that is likely to generalize to independent brains, either in-vivo or postmortem.
While our cytoarchitectonic atlas of the ventral visual stream is cross-validated, we acknowledge that this atlas has one main limitation: it provides an estimated location of ventral visual stream cytoarchitectonic areas based on a group of postmortem brains, rather than a method to directly identify cytoarchitectonic areas in-vivo within individual subjects. Nevertheless, currently there are no methods that enable cytoarchitectonic analyses at microscopic resolution in-vivo within individual brains. It is important to consider that even with the most advanced brain alignments available, alignments will never result in 100% consistency across brains, due to individual differences in both cytoarchitectonic areas and macroanatomical landmarks. Therefore, a future goal would be to compare the predicted locus of cytoarchitectonic areas with anatomical delineations based on MRI scans in-vivo. Indeed, recently developed methods of quantitative MRI (qMRI), enable quantifying in-vivo anatomical tissue properties (Glasser and Van Essen, 2011; Mezer et al., 2013; Sereno et al., 2013) . By comparing in-vivo quantitative MRI measurements with the predicted loci of cROIs (Gomez et al., 2017) , future studies could potentially further validate these measurements by identifying what exact tissue properties are being measured with qMRI scans.
Utility of the cytoarchitectonic atlas of the ventral visual stream
The present cROI atlas of the human ventral visual stream generated on the cortical surface has many applications. First, cytoarchitecture can be used as a method for anatomical localization and labeling of brain areas. The introduction of this newly generated, cross-validated cytoarchitectonic atlas enables a more robust and accurate localization of cytoarchitectonic areas on MRI data than the widely used Brodmann parcellation, which is still commonly used to localize functional brain areas in the neuroimaging community. We make the cROI atlas publicly available on the fsaverage brain in both the FreeSurfer and BrainVoyager platforms to enable researchers to use and integrate the atlas in their studies (http://vpnl.stanford.edu/ vcAtlas). Second, these cytoarchitectonic parcellations can be compared to other parcellations of the ventral stream such as those derived from other anatomical or functional metrics Glasser et al., 2016; Glasser and Van Essen, 2011; Wang et al., 2014; Yeo et al., 2011) . For example, this cROI atlas can be compared to the recent atlas based on multimodal properties of the human brain (Glasser et al., 2016, DiB, Fig. 2 ). Third, cytoarchitectonic parcellations can be used to test differences in the ventral visual stream between typical and atypical populations. In particular, this cROI atlas can be useful for participant populations for which it is relatively easy to obtain anatomical measurements of the brain, but for which it is difficult to obtain functional scans of the visual system. For example, participants who are congenitally blind (Bedny et al., 2011; Mahon et al., 2009; Striem-Amit et al., 2012a , autistic (Osterling and Dawson, 1994; Pierce et al., 2001; Schultz et al., 2000; Van Kooten et al., 2008) , brain lesioned (Barton, 2008; Gilaie-Dotan et al., 2009; Schiltz and Rossion, 2006; Sorger et al., 2007; Steeves et al., 2006; Susilo et al., 2015) , or very young (Cantlon et al., 2011; Golarai et al., 2007; Peelen et al., 2009; Scherf et al., 2007; Sowell et al., 2003) .
Coupling between cytoarchitectonic and retinotopic parcellations of the ventral visual stream
Comparing this cytoarchitectonic atlas to functional parcellations of the ventral visual stream (Abdollahi et al., 2014; Amunts et al., 2007; Hinds et al., 2009; Malikovic et al., 2015) can address central questions regarding how cytoarchitectonic features may constrain functional features (Felleman and Van Essen, 1991; Grill-Spector and Weiner, 2014; Hubbel, 2013; Kravitz et al., 2013; Orban et al., 2004; Van Essen et al., 1992) . As retinotopy is considered a fundamental organizational principle of the ventral visual stream (Arcaro et al., 2009; Brewer et al., 2005; Kolster et al., 2010; Orban et al., 2004; Roe et al., 2012; Sereno et al., 1995; Silson et al., 2016 Silson et al., , 2015 Wang et al., 2014) , we compared the present atlas to a recently published retinotopic atlas (Wang et al., 2014) .
This comparison revealed a coupling between cytoarchitectonic and retinotopic areas in the ventral visual stream. The correspondence between cytoarchitectonic and retinotopic parcellations is particularly striking in striate cortex, which replicates prior findings (Abdollahi et al., 2014; Amunts et al., 2007; Hinds et al., 2009; Malikovic et al., 2015) . While this coupling declines in extrastriate areas, most of the retinotopic areas in the ventral visual stream are confined to a single cytoarchitectonic area.
Discrepancies between cytoarchitectonic and retinotopic areas (e.g. hOc2-V2v or hOc3-V3v) may be due to imprecisions in comparisons across group atlases, or may indicate differences between cytoarchitectonic and retinotopic parcellations. We favor the former interpretation for two reasons. First, we believe that the accuracy of comparisons between cytoarchitecture and function may improve if these comparisons were done within the same participant. Future developments enabling measurements of cytoarchitecture in-vivo could test this hypothesis. Second, other evidence suggests that functional categoryselective regions in the ventral stream are largely cytoarchitectonically homogenous . Thus, we believe cytoarchitectonic homogeneity to be a general feature of functional regions in visual cortex.
Interestingly, this comparison also reveals differences between structural-functional relations in the occipital and ventral temporal cortices. In occipital cortex there is largely a 1-to-1 mapping between cytoarchitecture and retinotopy, but in ventral temporal cortex, there is evidence for a 1-to-many mapping between cytoarchitecture and retinotopy. For example, FG3 contains three retinotopic areas: VO2, PHC1, PHC2, which is consistent with findings of a 1-to-many mapping between cytoarchitecture and category-selective regions in FG2 and FG4 . Overall, these findings suggest that comparisons across different types of cortical parcellations (see also DiB) have the potential to advance understanding of how microanatomical features contribute to the functional organization of the brain.
Conclusions
In sum, the present study shows that macroanatomical alignment of postmortem brains using cortex-based alignment results in a more accurate alignment of cytoarchitectonic areas compared to volumetric alignments. These results indicate that cytoarchitectonic areas of the ventral visual stream are largely coupled to macroanatomy. Additionally, we find a correspondence between cytoarchitectonic and retinotopic visual areas in the human ventral visual stream. Finally, we are hopeful that with the publication of this cROI atlas, it will be broadly utilized to advance the understanding of the architecture and function of the human ventral visual stream. The atlas can be downloaded here: http://vpnl.stanford.edu/vcAtlas.
